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Abstract— Traditional human activity recognition uses either
direct image analysis or data from wearable inertial mea-
surement units (IMUs), but can be ineffective in challenging
underwater environments. We introduce a novel hybrid ap-
proach that bridges this gap to monitor scuba diver safety.
Our method leverages computer vision to generate high-fidelity
motion data, effectively creating a “pseudo-IMU” from a stream
of 3D human joint keypoints. This technique circumvents the
critical problem of wireless signal attenuation in water, which
plagues conventional diver-worn sensors communicating with
an autonomous underwater vehicle (AUV). We apply this system
to the vital task of identifying anomalous scuba diver behavior
that signals the onset of a medical emergency such as cardiac
arrest—a leading cause of scuba diving fatalities. By integrating
our classifier onboard an AUV and conducting experiments with
simulated distress scenarios, we demonstrate the utility and
effectiveness of our method for advancing robotic monitoring
and diver safety.

I. INTRODUCTION

Detecting the onset of a life-threatening medical emer-

gency in a scuba diver, such as cardiac arrest, is an immense

challenge. Underwater, the clear physical symptoms that

are obvious on land become obscured by the environment

and equipment. While a companion autonomous underwater

vehicle (co-AUV) acting as a robotic “dive buddy” is an

ideal platform for continuous monitoring [1], [2], [3], [4],

communication remains a critical bottleneck. Conventional

wireless technologies like WiFi and Bluetooth are highly

attenuated in water, making it impossible to stream real-

time health data from diver-worn sensors to the AUV. Addi-

tionally, lower-frequency acoustic methods simply lack the

bandwidth required for immediate inference [5], [6], [7].

This work subverts that fundamental limitation of commu-

nicating diver health states. Instead of relying on a data link

from the diver, we enable the AUV to use its own vision

to detect the most critical sign of severe medical events or

disabling injuries (hereafter referred to as DI) underwater:

a sudden and complete cessation of movement. An abrupt

transition from swimming to a static, motionless state is

a primary indicator that a diver is in distress and requires

immediate intervention [8], [9].

To achieve this, we introduce a novel method that trans-

forms the AUV’s visual feed into a virtual motion sensor.
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Fig. 1: Temporal classification of scuba diver swimming

state conducted during a closed-water evaluation of the diver

anomaly classification system. The system is deployed on

an AUV. The AUV provides visual feedback of predicted

state by illuminating a series of concentric LED lights

controlled to reflect a green color which indicates the diver

is swimming.

Fig. 1 shows the proposed system during an in-water evalu-

ation of a diver’s swimming state. We use three-dimensional

human pose estimations from a monocular camera to ap-

proximate translational acceleration of the diver’s joint key-

points. Additionally, we establish a body frame convention

to estimate the diver’s rotational acceleration using the same

body keypoints. Together, these constitute a novel approach

of using human pose joints for scuba diver swimming state,

and eventually health state, classification. By tracking the

diver’s 3D joint keypoints over time, we generate a stream

of translational and rotational acceleration data–effectively

creating a “pseudo-inertial measurement unit” (pseudo-IMU)

from vision alone. This allows a deep learning model to

classify the diver’s swimming state in real-time without any

instrumentation on the diver.

In this paper, we make two primary contributions: (1) a

novel system for classifying a scuba diver’s swimming state

using only a monocular camera on an AUV, and (2) a unique

and diverse dataset of underwater human motion, capturing

the transition from swimming to non-swimming states. We

demonstrate the effectiveness of our system through in-

water experiments, proving it is a viable and powerful new

approach for robotic monitoring of diver safety.

II. LITERATURE REVIEW

Our work integrates two primary domains: human pose

estimation and time-series classification.

Human Pose Estimation. Human pose estimation is the

process of localizing human joints in images, typically using
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Deep Neural Networks (DNNs) with convolutional layers

to model the topological relationships between limbs [10].

For this work, we require 3D keypoint data to estimate

accelerations. 3D pose estimation networks often generate

these coordinates by applying triangulation to 2D poses or

by training on data with labeled depth information [11], [12],

[13]. Performance can be improved by leveraging temporal

data from previous frames or through modern attention-based

models [14].

Prone up Inverted

Prone down Upright

Fig. 2: Typical diver poses during scuba diving operations.

Deep neural networks trained on terrestrial data often fail to

localize human joints for these poses, given the uniqueness

of the joint configurations and visibility.

The underwater environment is a unique challenge, since

divers can adopt poses in six degrees of freedom (6DOF) that

are highly non-standard in the terrestrial domain (see Fig. 2).

Off-the-shelf models trained on terrestrial data often fail to

localize joints in these unique configurations. We overcame

this by fine-tuning a YOLOv8 model [15] on a hand-labeled

underwater dataset and then using the VideoPose3D [16]

estimator, trained on AIST++ [17] and H3WB [18], to lift

the resulting 2D poses to 3D. While a recent method has

emerged for extracting 3D poses underwater using stereo

vision without labeled data [19], our approach has the distinct

advantage of requiring only a monocular camera.

Time-Series Classification. Time series classification

(TSC) [20], [21] assigns a class label to a sequence of data. A

related subproblem is time series anomaly detection (TSAD),

which identifies anomalous points within a sequence. A

collective anomaly [22] refers to the classification of a se-

quence as anomalous considering the aggregate effect of mul-

tiple underlying measurements, even though an individual

measurement might not be considered anomalous. Multiple

methods exist for detecting collective anomalies, including

[23] and [24], both of which utilize discords for anomalous

subsequence detection in collective samples, effectively de-

creasing inference time by ignoring irrelevant dimensions.

Anomaly detection is a difficult problem due to the paucity

of data available on rare events. This is heightened in settings

for which direct measurement of anomalous events is either

challenging, impossible, or too rare to capture substantive

data. Collecting vital signs of scuba divers during diving

operations is such an example, unless conducted under strict

experimental settings and with specialized equipment [25].

Though our goal is to detect health anomalies, our method

employs TSC rather than TSAD. This allows us to classify

an entire sequence as a “swimming state” without needing

to precisely engineer the specific features that constitute an

anomaly [26]. By collecting data in structured, uniform in-

tervals, we were able to create representative class sequences

without manual segmentation, using pseudo-IMU values as

swimming state. We followed the method described in [27]

to create subsequences of representative data manually, elim-

inating the need to do feature engineering by hand.

A central challenge in TSC is simultaneously capturing

short-term and long-term dependencies. Hybrid models [28],

[29] combining Convolutional and Recurrent Neural Net-

works (CNNs, RNNs) are effective at this, as they merge

the strengths of each architecture while mitigating their

individual drawbacks (e.g., a CNN’s failure to capture

long-term patterns or an RNN’s computational expense).

Attention-based models also excel at capturing long-term

dependencies [28], though often at a higher computational

cost, especially for embedded systems [30].

III. DATA COLLECTION AND FEATURE EXTRACTION

Data collection consisted of two parts: (1) non-standard

body pose data collection, which includes collection of

images to perform camera calibration to extract camera

intrinsic and extrinsic parameters, and (2) diver swimming

state transition data from swimming to not swimming. Data

was collected in accordance with Institutional Review Board

(IRB) regulations and assessed to be not human research.

A Note About the Ethics of In-Water Data Collection.

We cannot ask participants to stop moving in open water

environments, since swimming, kicking, and paddling are

critical for maintaining good buoyancy or depth control in

the water column. Without buoyancy control, divers are at

risk of significant medical issues such as barotrauma in-

juries from uncontrolled descents or decompression sickness

due to gas embolisms from uncontrolled ascents [31]. To

ensure diver safety, we performed data collection and in-

water evaluations of our robotic system in a closed-water

swimming facility. This allowed us to mitigate risks to the

diver as well as decouple the efficacy of the proposed system

from environmental conditions. However, in Section VII, we

present initial results from ongoing field tests, along with a

discussion on planned future improvements, demonstrating

the generalization capability of our method to challenging

open-water environments.

Non-standard Body Pose Data. Divers can achieve

highly atypical body poses underwater compared to the

terrestrial domain (see Fig. 2). To ensure that our pose

estimation network could accommodate non-standard body

poses, we collected and aggregated 3305 stereo pair images

of resolution 640×360 pixels at 10 fps; these include divers

in four primary poses over different viewpoints: prone down,

prone up, inverted, and upright. Note that we use a stereo
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camera effectively only to double the size of the dataset; our

method only uses single images for inference, and camera

calibration is used only to remove geometric distortions.

Each diver was asked to rotate 360 degrees about the ẑ-

axis in place while maintaining a given body pose. Divers

were asked to do this at distances between 3 and 5 meters

from the camera as measured by a trackline with visible

markers extending from the camera image plane, along

the camera frame’s x̂-axis. Fig. 3 demonstrates the data

collection setup.

Trackline

ParticipantCamera Housing

View along View along 

Fig. 3: (Best if viewed at 3× zoom level). Experimental

setup for in-water data collection of non-standard body pose

data and diver state transition data. The trackline delineates

distance between the camera and participant. We collected

image data at a depth of approximately 3.5 m and between

3 to 5 m from the camera’s image plane.

Fig. 4: (Best if viewed at 1.5× zoom level). Pose keypoints

labeled using an augmented COCO convention. We utilize

the keypoints highlighted in orange in our analysis.

We labeled the images utilizing an augmented COCO con-

vention [32]. We labeled 20 pose keypoints shown in Fig. 4.

These keypoints include objects relevant to most recreational

divers such as the mouthpiece, top of the tank and bottom,

and fin tips. For our analysis, we selected the 12 keypoints

corresponding to the diver’s major joints (shoulders, elbows,

wrists, hips, knees, and ankles), highlighted in Fig. 4 in

orange. This set was chosen to capture the dynamics of the

limbs and torso, which are the primary drivers of propulsive

and stabilizing movements underwater, while excluding less

informative points like the eyes or external equipment.

YOLOv8 requires undistorted images for training and

inference, and VideoPose3D requires a sequence of calibrated

two-dimensional poses. To ensure that we obtained accurate

pose estimates for our method, we collected three sets of

calibration data to compute camera intrinsic and extrinsic

matrices. We utilized three different calibration target sizes,

including 4× 6, 5× 8, and 8× 10 tags in a grid, using the

Kalibr target specification [33]. Specific target dimensions

are included in the accompanying video.

Diver State Transition Data. Divers were asked to main-

tain each of the four primary poses (prone down, prone up,

inverted, and upright) for approximately 10 s by swimming,

kicking, or paddling as necessary to maintain that pose. Then

they were asked to stop these movements for 5 s. This was

done from different viewpoints around the ẑ-axis as in Fig. 3.

By stopping normal swimming activities, this closely mimics

the phenomena of sudden cardiac arrest or other DI. Based

on the buoyancy adjustment of the participant, sometimes

the participant would sink, rise to the surface, or remain in

place. Fig. 5 shows one case in which the diver sank to the

bottom during the no movement phase of data collection.

Swimming Not swimming

Fig. 5: Example moving and not moving images. In this case,

the diver is hovering prone down, and when they stop moving

they sink.

Feature Extraction. The cornerstone of our method is the

conversion of raw 3D keypoint coordinates into a meaning-

ful, motion-based feature vector. This process involves two

key steps: first, estimating up-to-scale 3D keypoints from

divers using off-the-shelf estimators, and second, establishing

a stable body-centric reference frame to compute the diver’s

overall translational and rotational acceleration.

Let the input to the pose estimation network be an undis-

torted image of width W , height H , and resolution W ×H .

Let K = {k1, . . . ,kM} be the set of predicted human

joint keypoints in image coordinates, i.e., k = (u, v) ∈
[0,W−1]×[0, H−1]. Note that we utilize M = 12 different

keypoints defined in Fig. 4. The 2D-to-3D lifting network

then transforms these predictions into 3D space with arbitrary

scale. Now let R = {r1, . . . , rM} be the set of corresponding

human joint keypoints in three-dimensional coordinates with

respect to the camera frame, i.e., r = (x, y, z) ∈ R
3. One can

show that using a Taylor series expansion, the translational

acceleration in the x-direction ẍ is approximately

ẍ ≈
xi+1 − 2xi + xi−1

∆t2
, (1)

where ∆t is the temporal separation of image frames, which

is effectively the inverse of the frame rate of the camera. xi
is the measurement of the x position at time step i. Similar

formulas exist for the ŷ- and ẑ-directions.

To accurately measure the diver’s self-initiated rotation,

we must first decouple their movements from the motion of

the AUV’s camera. We achieve this by defining a dynamic

body-centric reference frame affixed to the diver’s torso (see
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Fig. 6). This ensures our rotational acceleration features

are invariant to the robot’s position and orientation. The

frame convention relies on the torso pose keypoints of

the diver rtorso ∈ R , creating a frame that is located at

the approximate center of the human’s chest. Let rtorso =
{rleft hip(lh), rright hip(rh), rleft shoulder(ls), rright shoulder(rs)}. Then,

1) We compute the center of the predicted keypoints as

ro = ⟨rtorso⟩, where ⟨·⟩ defines the vector average

computation. The resultant vector ro is located approx-

imately at the center of the diver’s torso.

2) We define several difference vector quantities that exist

on the torso plane as

rrsrh = rrs − rrh rlsrh = rls − rrh (2)

rlslh = rls − rlh rrslh = rrs − rlh. (3)

These quantities are needed to establish the relationships

between joint locations, effectively defining the torso

plane and conditioning the proceeding analysis with

respect to the torso plane.

3) We compute the diver’s facing direction by taking the

average direction of the cross product between the

difference vectors of the torso joints. This defines a

direction perpendicular to the torso plane

rr× = rlsrh × rrsrh (4)

rl× = rlslh × rrslh. (5)

To compute the average direction and define a unit

vector, we first take the average, and then we divide

by the vector L2-norm

cẑB ≡
⟨rr× , rl×⟩

∥⟨rr× , rl×⟩∥2
. (6)

The alignment vector given by (6) points in a direction

perpendicular to the plane defined by the torso key-

points. We now affix a right-handed coordinate system

to ro, with cẑB aligned along the direction given in (6).

We choose cŷB to be the vector that points along the

direction of the midpoint between hip joints. This is

given by computing the midpoint of the line segment

connecting the hip joints

rmidpt = ⟨rlh, rrh⟩. (7)

4) From this we compute the unit vector that points from

the center of mass vector ro to rmidpt. This unit vector

is defined to be cŷB

cŷB =
rmidpt − ro

∥rmidpt − ro∥2
. (8)

5) Finally, the cx̂B is computed through a cross product
cx̂B = cŷB × cẑB . Together these constitute the body

frame cFB = [cx̂B ,
cŷB ,

cẑB , ro] of the human diver,

affixed to the midpoint of the extracted pose keypoints,

with the cẑB aligned in the direction perpendicular to

the plane defined by the torso keypoints.

Rotational acceleration of the body frame is an approxima-

tion to the second derivative for each of the rotational angles

Raw image (brightened for visi-
bility).

Body frame showing the rota-
tion angles.

Fig. 6: (Best if viewed at 2× zoom level). Raw input

image and the body frame with rotation angles after three-

dimensional pose estimation.

about the unit vectors of cFB . One can consult [34] for

a detailed derivation of the second derivative of a rotation

matrix. For brevity, we utilize the notation θ to indicate the

rotation angle about the x̂-axis, ϕ to indicate the rotation

angle about the ŷ-axis, and ψ to indicate the rotation angle

about the ẑ-axis. Fig. 6 shows this convention.

Now let X = {xi}, where i = {1, . . . , N} and N is the

total number of time steps, define the feature vector. We then

define a feature vector for a single time step as

xi = {ẍi,1, ÿi,2, z̈i,3, . . . , ẍi,M−1, ÿi,M−1, z̈i,M−1, θ̈i, ϕ̈i, ψ̈i},
(9)

where the first 1, . . . ,M − 1 terms represent approximations

to the second derivatives with respect to three-dimensional

positions for the M = 12 keypoints, and the last three terms

are the second derivative with respect to the rotation frame

of the human body. To remove the influence of the camera

movement, we subtract the left hip keypoint location (rlh)

from all keypoints. Therefore every keypoint is located with

respect to the left hip. We then remove the left hip keypoint

acceleration from the feature vector, effectively reducing the

dimensionality to N × (3(M − 1)+3) for both translational

and rotational feature vectors. Along with horizontal image

flipping and random rotation on 3D diver pose sequence

estimates, this feature extraction pipeline is used to create

a train-test dataset.

IV. METHODOLOGY

The diver anomaly classification system described in this

paper relies on two subsystems: a feature extractor (de-

scribed in Sec. III), which extracts pseudo-IMU values,

and a classification system to perform inference based on

the temporal observations of the diver’s state over time.

Fig. 7 shows a summary of the methodology, where the

top left block demonstrates the input image sequence, from

which YOLOv8 produces two-dimensional pose estimates.

VideoPose3D requires 27 two-dimensional pose estimates to

produce a single three-dimensional estimate. After N + 2
three-dimensional poses, which are required to estimate the

acceleration quantities of the keypoints and body frame using

central difference approximations, we construct the feature

vector. The classifier (shown in yellow in Fig. 7) uses a

feature vector of size N × (3(M − 1) + 3), N × 3, or N ×
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Fig. 7: (Best if viewed at 2.5× zoom level). Overview of the diver anomaly classification system. The system comprises

two functional subsystems: a feature extractor, which creates the pseudo-IMU vector, and the robotic classifier that utilizes

an arbitrary classifier for determining if the diver is swimming or not swimming.

(3(M −1)), for combined rotation and acceleration, rotation

only, or translation only acceleration features, respectively, to

classify the sequence as either swimming or not swimming.

The prediction aggregator (shown in salmon color in

Fig. 7) aggregates these observations. To mitigate erroneous

observations, we employ a nearest-neighbor consistency

check (shown in blue in Fig. 7), which utilizes a sliding

window over the latest G observations. If there exists some

prediction yj , j ∈ {1, . . . G} for which the average of

the past δ neighbors is 1 and the average of the future δ
neighbors is 0, then the diver has transitioned from swimming

to not swimming. We empirically determined that δ = 7 , and

G = 15 produce higher state transition accuracy.

The primary contribution of this work is an approach to

swimming state transition classification that leverages visual

changes in body keypoints as a proxy for IMUs to assess

diver pose. To thoroughly evaluate the effectiveness of our

pseudo-IMU features, we benchmarked them using a diverse

suite of six time-series classification (TSC) models. This

suite was chosen to represent a range of approaches, from

established statistical methods to state-of-the-art deep learn-

ing architectures. We utilize six different methods for TSC:

time series forest based on [35], CNN and CNN Channel

Wise based on [36], CNN LSTM Dual Network from [37],

CNN LSTM Layer Wise from [38], and Transformer based

on [39]. We describe each method briefly below but refer

the reader to the relevant literature source for more detailed

explanations and network architectures.

The Time Series Forest serves as a non-neural baseline

to evaluate the inherent discriminative power of our features

without complex deep learning. It utilizes Ntrees = 500
trees for splitting the pseudo-IMU feature dataset nodes

into the trees. A splitting criterion based on entropy gain

is used to decide node splits within the tree. Additionally,

[35] introduces the concept of the margin split, which helps

reduce the number of candidate subsequence splits that

produce the same entropy gain.

CNN and CNN Channel Wise [36] introduces both a

CNN-based classification architecture, which utilizes a series

of stages consisting of layers of convolution, activation,

and pooling layers, and a CNN Channel Wise (CNN CW)

method that splits the time series into individual univariate

subsequences, performs feature extraction on each subse-

quence, concatenates the output, and then follows with multi-

layer perceptron classification. Both of the above CNN-based

models were chosen to test the hypothesis that local patterns

of acceleration (e.g., the kick cycle) are the most important

features for classification.

The CNN LSTM Dual Network [37] (CNN LSTM DN)

uses a CNN-based architecture for feature extraction, and

then it applies an LSTM in parallel. The resulting output

from both the CNN and the LSTM are concatenated and

flattened for classification. We employ a notable modification

from the original network architecture: unlike [37] who use
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three convolutional blocks, we achieved sufficient results

with one convolutional block on both open-source datasets

and underwater-specific data.

CNN LSTM Layer Wise [38] (CNN LSTM LW) ar-

chitecture, in contrast to the (CNN LSTM DN) first uses

convolutional layers for feature extraction and then applies

an LSTM on the extracted features, rather than the raw

input sequence itself. This model was included to investigate

whether combining local feature extraction (CNN) with

longer-term temporal dependency modeling (LSTM) would

yield superior performance.

The Time-Series Transformer introduced in [39], was

included to determine if the global self-attention mechanism,

which can relate data points across the entire 50-step se-

quence, could capture complex, long-range motion dynamics

that other models might miss. Although the original paper

employs fixed positional encodings, subsequent studies have

demonstrated that learnable positional encodings yield better

results [40]. As such, we project the time series onto an em-

bedding space using a matrix with learnable weights before

feeding it to a self-attention block. Additionally, while layer

normalization is optimal for natural language processing,

batch normalization has been shown to yield better per-

formance when applied to numerical input [41]. Therefore,

within the self-attention block, we substitute batch normal-

ization for the layer normalization layers employed by [42].

Following [39], we begin the model training process with

an unsupervised pre-training stage, where the input series is

randomly masked and the model attempts to predict masked

target values. This approach helps the network learn the

shape of the data, facilitating speed-ups in the supervised

learning phase. Pre-training is particularly useful given our

constraints – transformers demand large quantities of training

data to learn representations of input information. Visual

information is significantly more costly to collect and label

than hardware-based IMU data, a bottleneck intensified by

the unusually high requirements of underwater equipment.

This limits the quantity of visual training data available,

which we significantly mitigate through pre-training.

V. CLASSIFICATION METHOD EVALUATION

We evaluated each classification method offline using 6114
train, 1528 validation, and 1713 test samples, with N = 50
time steps, on an NVIDIA GeForce RTX 2080 Ti GPU

with PyTorch 2.0.1, CUDA 11.7, and cuDNN 8. Table I

shows the classification accuracies comparing different fea-

tures. We evaluated translational only, shown in the first

column of the table; rotational only, shown in the second

column; and combined rotational and translational features,

shown in the last column of the table. Results revealed that

translational features produced the highest accuracies across

all methods. The CNN channel-wise method also performed

the highest for individual features. However, the time series

forest achieved 90.83 on the combined features, exceeding

the CNN channel wise method. Translational features pro-

vide superior accuracy because they are inherently more

robust to the “jitter” noise present in the pose estimation

TABLE I: Comparison of classification accuracies utilizing

translational, rotational, and combined acceleration features.

We utilized 6114 train, 1528 validation, and 1713 test

samples for our model training and evaluation pipeline,

with N = 50 three-dimensional pose estimates used for

computing the acceleration data in the feature vector.

Bench test classification accuracy statistics (% correct)a

Method Trans.

features

(50 × 33)

Rot.

features

(50 × 3)

Rot.+Trans.

features

(50 × 36)

Time Series Forest [35] 90.13 71.63 90.83

CNN [36] 89.32 76.71 89.84

CNN Channel Wise [36] 91.30 85.99 90.37

CNN LSTM Dual Network [37] 82.60 52.95 82.95

CNN LSTM Layer Wise [38] 89.20 79.92 85.93

Transformerb [39] 90.83 65.38 84.18

a All methods were trained using 50 epochs.
b The transformer is pre-trained for 300 epochs using the method described
in [39] and fine-tuned for 50 epochs on our data.

data, whereas rotational accelerations, in contrast, are highly

sensitive to this noise. Their calculation depends on a rotation

axis derived from just four torso keypoints rtorso; if these

points are noisy, the axis becomes unstable and corrupts

the final feature. Conversely, our translational features are

derived from the mean motion of all 12 body keypoints. This

averaging provides a powerful smoothing effect that filters

out the noise from individual joints, resulting in a stable

and reliable measure of the diver’s aggregate movement.

Consequently, when a diver is motionless, the translational

acceleration correctly approaches zero, providing a much

cleaner signal for classification. Additionally in Sec. VII,

experimental results demonstrate how the proposed method

can generalize across multiple underwater domains with the

aid of a robust pose estimator (e.g., [19]).

VI. CLOSED-WATER EVALUATION

We performed in-water evaluations of the diver swimming

state transition system by deploying the system onboard an

AUV that uses an Nvidia Jetson TX2 embedded computing

GPU. We built our codebase in a docker image [43], with

Python3 and ROS Noetic.

We evaluated five classification methods with an exper-

imental setup similar to the non-standard body pose data

collection event. The diver swam in front of the robot’s

camera in a prone down position (the most common form of

pose employed by divers, since it is an efficient swimming

posture). The diver swam until signaled to stop. This en-

sured that the feature extractor subsystem acquired sufficient

observations to produce the first feature vector required for

classification. The diver then stopped all movement for 50s.

We evaluated each classifier based on its ability to classify

the diver as swimming and not swimming. We utilized a

nearest-neighbor distance δ = 7 and required G = 15 classi-

fications before inferring if the diver experienced a transition

from swimming to not swimming. Fig. 8 demonstrates the

results taken from five of the six classification methods.

Due to a software integration conflict, we were unable to

deploy our time series forest classification method on the
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CNN CNN CW CNN LSTM LW CNN LSTM DN Transformer

Fig. 8: (Best if viewed at 4× zoom). Closed-water evaluation of the swimming state classification methods.

robot’s TX2. Figures display the time elapsed from the start

of the classification ROS node to the publication time of

the feature vector topic. Differences in elapsed time are

a product of inference time for each method. The display

shows count/G, meaning that the first G classifications are

required before performing a nearest-neighbor check using

a sliding window. The sliding window has a width of δ and

helps us visualize the nearest-neighbor check process. Fig. 8

shows the sliding window as a yellow bordered rectangle,

which is co-linear with the observation state diagram, shown

as a series of rectangles, either green or red, for swimming or

not swimming classification, respectively. The accompanying

video submission shows the sliding window moving as

additional observations accumulate.

We utilized translational features, since bench experiments

revealed translational features offer the highest testing accu-

racy across all methods. Although the CNN CW performed

best during bench testing, with an accuracy of 91.30%
(shown in Table I), the CNN LSTM DN performed the best

during in-water evaluation, accurately determining when the

diver transitioned from swimming to not swimming, approx-

imately 45 s into the evaluation experiment. Additionally,

the AUV is equipped with a series of LED ring lights that

communicate visual feedback of onboard processes. The

AUV illuminated the lights in a green color when the diver

was swimming. Fig. 1 shows these lights illuminated.

VII. OPEN-WATER FIELD EVALUATION

We evaluated our pipeline on previously unseen data

collected from a freshwater environment, in which two divers

operated at a depth of five meters in approximately two

meters of visibility. The water was turbid and green in color,

which resulted in one of the worst visibility conditions.

The camera subject was asked to perform transitions from

swimming to not swimming. The swimming portion of the

data collection was 2 minutes, and the not swimming was

30 s. The results for the five primary networks are shown in

Fig. 10. Notice that in all cases, the classification networks

observed not swimming states during the time period that the

diver maintained a prone facing down position. This swim-

ming behavior resulted in very little arm and leg movement,

which could indicate why the classification methods failed

to classify this as a swimming state.

These preliminary results also prove our hypothesis that

the accuracy of the pose estimation network has downstream

effects on our method for detecting anomalous swimming

behavior. Fig. 9 shows that the two-dimensional estimation

2D pose estimation 3D reconstructed human pose

Fig. 9: Pose estimation figures from the 2D pose estimation

and resulting 3D reconstructed human pose keypoints.

both fails to localize the human in the image frame and

to locate the human pose keypoints on the diver’s torso.

These results show that the pose estimation network does

not transfer between environmental conditions, since the pose

network was trained on closed-water swimming pool data.

VIII. CONCLUSION

We introduce a novel system for robotic classification of

a diver’s swimming state, which is able to detect when a

diver transitions from normal movement, such as kicking or

paddling, to no movement. This mimics the state of a diver

during a DI, which could lead to adverse health effects or

a loss of life. While arrested motion is not the exclusive

indicator of scuba diver distress, this work makes it possible

to assess diver motion characteristics without requiring on-

body sensors, while avoiding underwater data transmission

challenges. Our ongoing work is investigating a multimodal

assessment approach of diver distress using additional DI

indicators such as respiration rate, along with field trials in

diverse regions to assess its efficacy.
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